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Abstract
‘Gold standard’ reference sets of human muscle architecture are based on elderly cadaveric
specimens, which are unlikely to be representative of a large proportion of the human popu-
lation. This is important for musculoskeletal modeling, where the muscle force-generating
properties of generic models are defined by these data but may not be valid when applied to
models of young, healthy individuals. Obtaining individualized muscle architecture data in
vivo is difficult, however diffusion tensor magnetic resonance imaging (DTI) has recently
emerged as a valid method of achieving this. DTI was used here to provide an architecture
data set of 20 lower limb muscles from 10 healthy adults, including muscle fiber lengths,
which are important inputs for Hill-type muscle models commonly used in musculoskeletal
modeling. Maximum isometric force and muscle fiber lengths were found not to scale with
subject anthropometry, suggesting that these factors may be difficult to predict using scaling
or optimization algorithms. These data also highlight the high level of anatomical variation
that exists between individuals in terms of lower limb muscle architecture, which supports
the need of incorporating subject-specific force-generating properties into musculoskeletal
models to optimize their accuracy for clinical evaluation.
Introduction
The musculoskeletal architecture (i.e. the macroscopic arrangement of muscle fibers [1]) of the
human lower limb has been well defined, with several extensive data sets published [2, 3].
However, these “gold standard” reference data sets are based on elderly cadaveric specimens,
which for various reasons, such as possible changes in muscle architecture due to aging [4], are
unlikely to be representative of young, active and healthy adults [5]. These differences have
been highlighted in regards to muscle volumes [5, 6], although the extent of variation in mus-
cle architecture properties such as muscle fiber length, pennation angle and maximum isomet-
ric force is largely unknown. This is particularly important in the context of musculoskeletal
modeling using dimensionless Hill-type muscle models [7], which are defined by these proper-
ties. Importantly, various sensitivity analyses have shown that these models are particularly
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sensitive to even small changes in muscle fiber and tendon slack lengths in particular [8–14].
Furthermore, how well these parameters scale with respect to body anthropometric factors
such as body or limb mass has also not been reported in detail, although it has been suggested
that fiber lengths may not scale particularly strongly with bone length [15]. While muscle
architecture parameters can be estimated through optimization [16–19], directly measuring
these in vivo may improve the accuracy of computational models.
Using a previously established framework of diffusion tensor imaging (DTI) and fiber trac-
tography, in combination with other magnetic resonance imaging sequences [20], this study
aims to build on previous literature and provide a detailed human lower limb in vivo muscle
architecture data set. This will also highlight the level of inter-subject variability in muscle
architecture parameters which exists in young healthy adults, as well as the scaling relation-
ships between muscle architecture and body proportions.
Methods
For the present study, data were gathered from 20 muscles in the right lower limbs of 10
healthy, non-professionally athletically trained adults (5 males, 5 females; Age- 27 ± 4 years.
Body mass- 76 ± 12 kg; Table 1), who signed informed consent documents prior to participat-
ing in this IRB-approved study. The muscles analyzed were classified into 5 distinct functional
groups based on major functions (Table 2), which were based on previous human muscle
architecture studies [3]. Muscle fiber length, fiber pennation angle and muscle volumes were
estimated from each of these muscles, using a validated framework of magnetic resonance
imaging (MRI) and DTI [20]; see below).
MRI and DTI acquisition
All MR images were acquired from the iliac crest to the ankle joint using a 3 T scanner (Bio-
graph mMR, Siemens, Munich, Germany), with each subject in a supine position and with the
lower limbs in the anatomical position. Imaging consisted of two sequences (Fig 1A and 1B):
T1-weighted anatomical turbo spin echo (TSE) (voxel size 0.47×0.47×6.5 mm3, repetition time
[TR]—650 ms, echo time [TE]—23 ms, number of slices—35 per segment, number of signal
averages (NSA)—1, acceleration factor—2), and diffusion-weighted single-shot dual-refocus-
ing spin-echo planar (voxel size 2.96×2.96×6.5 mm3, TR/TE 7900/65 ms, 12 direction diffusion
gradients, b value—0 & 400 s/mm2, strong fat suppression—spectral attenuated inversion
Table 1. Study participant information. Thigh length- the distance between the most proximal aspect of the greater trochanter of the femur, and the most distal aspect
of the lateral femoral condyle. Leg length- the distance between the tibial plateau and the center of the ankle (tibiotalar) joint. LL—Total lower limb length. VLM—Total
lower limb muscle volume (sum of volumes of the studied muscles). VL—Total lower limb volume (sum of muscle volumes plus fat, fascia and skin).
Subject
Number
Sex Age (years) Body Mass (kg) Height (cm) BMI (kgm-2) Thigh length (cm) Lower leg length (cm) LL (cm) VLM (cm
3) VL (cm
3)
01 Male 23 90.7 182 27.4 46.3 39.3 85.6 6547 11620
02 Male 26 82.1 173 27.4 42.3 38.0 80.3 5128 11971
03 Male 29 81.1 182 24.1 45.3 39.4 84.7 5040 7066
04 Female 26 71.2 162 27.1 40.7 37.7 78.4 4209 12173
05 Female 23 59.8 170 20.7 41.7 38.3 80.0 3989 9450
06 Female 35 80.2 169 28.1 42.4 35.6 78.0 4386 10462
07 Female 25 80.7 168 28.6 42.1 34.7 76.8 3153 12853
08 Female 26 40.6 162 17.8 39.0 33.6 72.6 2955 6101
09 Male 26 84.8 187 24.5 46.3 42.7 89.0 6119 11517
10 Male 34 82.5 192 22.4 45.7 42.7 88.4 4655 9008
https://doi.org/10.1371/journal.pone.0223531.t001
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recovery [SPAIR], number of slices—35 per segment, NSA—2, acceleration factor—2, band-
width—2440 Hz/pixel). Advanced B0 shimming was done for each segment to reduce spatial
distortion and minimize the residual fat chemical shift in the diffusion-weighted images, in the
phase-encoding direction (anterior to posterior). For each subject, images were acquired in an
axial slice orientation, and repeated for a total of five to six segments, which were merged dur-
ing post-processing using the Stitching plugin for Fiji/ImageJ [21, 22]. Total image acquisition
time was ~37mins per subject.
The T1- weighted MR images were digitally segmented in Mimics (Materialise, Leuven, Bel-
gium) to create three-dimensional meshes of each muscle (Fig 1C), which allowed for the
determination of individual muscle (belly) volumes (mm3).
DTI pre-processing and fiber tractography
The diffusion tensor images were pre-processed to reduce image artefacts and improve signal
to noise ratio. To reduce image artifacts caused by the possible motion of the subjects or spatial
distortion (eddy currents and/or magnetic field inhomogeneity), each diffusion-weighted
image was registered to the non-diffusion weighted image (with b value 0) using an affine
transformation in DTI-studio [23].
To reduce the signal to noise ratio of the images, a Rician noise suppression algorithm was
applied to the DTI images [24] in MedINRIA (www.med.inria.fr), where the diffusion tensors
for each subject were estimated and smoothed. Manual thresholding removed background
pixels from the tensor estimation. Muscle fascicles for each muscle were estimated from these
tensors with tractography in Camino software [25], producing fiber tracts, from regions of
interest (ROIs) drawn based on the anatomical T1 MR images (Fig 1D). These tracts were
tracked bidirectionally (step size 1mm) from seeding regions of interest (ROIs) and continued
Table 2. Muscle functional group classifications, based on those from Ward et al., [3].
Functional group Muscle Abbreviation
Hip adductors Adductor magnus AM
Adductor longus AL
Adductor brevis AB
Gracilis GRA
Knee flexors Semimembranosus SM
Semitendinosus ST
Biceps femoris (long head) BFL
Biceps femoris (short head) BFS
Popliteus POP
Sartorius SAR
Knee extensors Rectus femoris RF
Vastus lateralis VL
Vastus medialis VM
Vastus intermedius VI
Ankle dorsiflexors Tibialis anterior TA
Extensor digitorum longus EDL
Extensor hallucis longus EHL
Ankle plantarflexors Medial gastrocnemius MG
Lateral gastrocnemius LG
Soleus SOL
https://doi.org/10.1371/journal.pone.0223531.t002
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until terminated based on defined fiber curvature stopping criteria (angle change >10 degrees
per 5mm). These tractography settings were kept consistent between muscles and subjects.
While muscle fibers may not necessarily extend the entire length of a muscle fascicle (bun-
dles of ~5–10 fibers) and may instead be connected in series, it has been shown that fibers in
this arrangement may be activated simultaneously to act like a single fiber [26]. It was therefore
assumed here that fiber lengths are functionally equivalent to fascicle lengths, and these terms
are used interchangeably. Based on this assumption, custom MATLAB code (available at
www.figshare.com—DOI: 10.6084/m9.figshare.9906266) was used to measure Lf from these
fiber tracts (equivalent to muscle fascicles), and values reported here are means of the entire
range of fiber tract lengths throughout each muscle [20]. This is standard practice when
Fig 1. Representative T1-weighted MR anatomical image (A) and diffusion tensor image (B) of the thigh segment of one subject. Muscles and bones were digitally
segmented from the T1 images to create 3D representations of the lower limbs (C) (for muscle abbreviation definitions, see Table 2). Muscle fascicles (fibers) were
tracked from the diffusion weighted MR images (D). From these 3D point cloud-based models, it was possible to measure fiber length (Lf) and surface fiber
pennation angle (θ, angle of the fibers relative to the muscle’s line of action (blue line)).
https://doi.org/10.1371/journal.pone.0223531.g001
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measuring muscle architecture for inputs into Hill type muscle models [3, 27], and in this con-
text has been shown to estimate Lf to an average accuracy of<1 ± 7 mm [20].
The pennation angle of these fibers was measured here as the angle of the fibers relative to
the muscle’s line of action. Each muscles’ line of action was estimated using the “fit centerline”
function on each 3D muscle mesh in Mimics (from the T1-weighted MR images), which esti-
mates a line through the axial centroids of each mesh, and therefore accounts for their often-
curved shapes. The assumption that this line is equivalent to an anatomical line of action has
been reported previously [6]. Five superficial (2D) pennation angle measurements were manu-
ally recorded at proximal, middle and distal areas of each muscle using ImageJ [28] to obtain a
representative mean value. This is also standard practice for estimating this parameter for
musculoskeletal models, and has been shown to estimate surface pennation angles to an aver-
age accuracy of 4 ± 1˚ [20].
All these methods were performed by the same researcher for each subject, ensuring consis-
tency in the reported muscle architecture data.
Predicting optimal fiber lengths
A previously recognized limitation of measuring fiber lengths from diffusion tensor images is
that estimates of optimal fiber lengths (an important input to musculoskeletal models) are not
obtainable using this method alone. This is because sarcomere lengths, which are normalized
to a standardized optimal resting sarcomere length to estimate optimal fiber lengths, are not
directly measurable from the tracked fibers. Therefore, optimal fiber lengths were estimated
using sarcomere lengths reported in [3], using the following equation [29]:
Lf ¼ Lf 0ð
2:7mm
Ls
Þ;
where Lf is optimal fiber length, Lf’ is raw fiber length (measured from DTI), Ls is sarcomere
length, and 2.7μm is a generic value for optimal sarcomere length [29]. Ls values were obtained
from Ward et al. [3], who measured Ls in fixed muscles dissected from limbs with most joints
(other than the ankle joint) in the anatomical position, as in the present study.
These parameters were then used to calculate physiological cross-sectional area (PCSA,
mm2), a major determinant of muscle force output, using the equation (from [30]):
PCSA ¼ ðVm � cosyÞ=ðLfÞ;
where Vm is muscle (belly) volume (mm
3), Lf is optimal muscle fiber length (mm), θ is muscle
fiber pennation angle. To estimate maximum isometric force (an important input parameter
for musculoskeletal models, Fmax), individual PCSA values were multiplied by the isometric
stress of skeletal muscle (or specific tension; 0.3Nmm-2; [7]). The use of this generic value for
isometric stress is well established within musculoskeletal modeling research [13, 31], and has
been shown to be independent on body size and conserved within vertebrate phylogeny [32].
Given that estimating this value for each individual muscle of the lower limb was out of the
scope of this study, it was assumed here to be constant across all muscles. However, it is recog-
nized that in reality this may not be the case, with a wide range of values (0.04–0.6 Nmm2)
reported in the literature within human lower limb muscles, depending on function or fiber
type [33, 34].
Specializations in muscle architecture parameters within functional groups (i.e. certain
muscle functional groups, such as knee extensors, show broadly similar muscle fiber orienta-
tions and by extension functional capabilities) have been demonstrated previously in the verte-
brate musculoskeletal system [27, 30, 35–41]. Therefore, muscle architecture data obtained
Muscle architecture dataset from diffusion tensor imaging
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here for each muscle were averaged over each functional group within each individual, as well
as within the grouped mean values (Tables 1, 2 & S1–S10 Tables). This gives a general insight
into the degree of these muscle functional group specializations within the lower limbs of the
individuals in this study, and also allows comparisons to similar functional group averages in
previous architecture data sets (3).
How these muscle architecture variables scale with body mass, height, total limb volume
(VL) and limb length (LL) across the different individuals in our study population was tested
using linear regression in GraphPad Prism (La Jolla, California, USA; www.graphpad.com).
Limb length was defined as the length from the most proximal aspect of the greater trochanter
of the femur, to the most distal aspect of the lateral malleolus of the fibula.
Results
The mean (± standard deviation) in vivo architecture properties for 20 lower limb muscles as
measured from DTI and T1 MRI sequences across 10 individuals were determined (Table 3).
Muscle architecture data for individual subjects are listed in S1–S10 Tables.
On average, the muscles in the lower limb with the largest PCSA were vastus lateralis
(3206 ± 1559 mm2), vastus intermedius (2938 ± 926 mm2), and soleus (3226 ± 1042 mm2).
Muscles with the smallest PCSA across all subjects were extensor hallucis longus (196 ± 78
mm2), popliteus (202 ± 76 mm2) and sartorius (333 ± 84 mm2).
The muscles with the longest Lf were on average; sartorius (408 ± 30 mm), adductor mag-
nus (231 ± 61mm) and biceps femoris (long head) (204 ± 38mm). The muscles with the short-
est Lf were popliteus (74 ± 14 mm), adductor brevis (76 ± 22 mm) and medial gastrocnemius
(97 ± 22 mm). When fiber length was normalized to muscle length (Lf:Lm), the muscles with
the largest Lf:Lm ratios were; sartorius (0.85 ±<0.01), biceps femoris long head (0.74 ± 0.15),
popliteus (0.78 ± 0.17), adductor magnus (0.74 ± 0.17) and vastus lateralis (0.59 ± 0.14). The
muscles with the smallest Lf:Lm were soleus (0.32 ± 0.07), medial gastrocnemius (0.39 ± 0.08)
and rectus femoris (0.39 ± 0.12).
The degree to which muscle volume, fiber length and maximum isometric force scaled with
subject total limb volume (VLM) and limb length (LL) varied considerably between the muscle
functional groups (Figs 2 and 3; S11 Table). The mean volume of the muscle groups scaled
strongly with VLM (Fig 2A & 2B), although only the knee flexors and knee extensors showed
statistically significant scaling relationship between Fmax and ML (R
2 > 0.5, p< 0.05; Fig 3C,
S11 Table). Muscle belly length scaled with LL (Fig 3A & 3B), however Lf did not scale particu-
larly strongly with LL in any functional group, with the hip adductors showing the strongest
and only statistically significant correlation (R2 = 0.49, p = 0.02; Fig 3C, S11 Table).
Discussion
This study used a validated technique to generate an extensive data set of in vivo human lower
limb muscle architecture data exclusively from MR images of 10 young healthy individuals.
These data define muscle volume, length, optimal fiber length, fiber pennation angle, PCSA
and maximum isometric force. The technique of using DTI and muscle fiber tractography to
gather detailed muscle architecture data has been previously described and shown to be valid
and repeatable [20, 42–56]. In a study into the validity of the technique for gathering muscle
architecture specifically for musculoskeletal models, Charles et al., [20] found that DTI can
replicate muscle masses, fiber lengths and PCSA within 4%, 1% and 6% of the corresponding
variables measured from manual dissections, respectively. The accuracy of this method raised
confidence in our ability to generate an accurate and reliable data set of in vivo lower limb
muscle architecture from a population of young healthy adults (Table 2; S1–S10 Tables). This
Muscle architecture dataset from diffusion tensor imaging
PLOS ONE | https://doi.org/10.1371/journal.pone.0223531 October 15, 2019 6 / 18
dataset builds on previous attempts to quantify lower limb muscle anatomy with MRI [6], by
focusing on gathering the architecture data necessary to inform musculoskeletal models and
simulations.
The degree to which these muscle architecture data scale with anthropometric parameters
such as limb length, limb volume and body mass, as well as age, within muscle functional
groups could indicate the necessity for gathering such an extensive in vivo muscle architecture
data set on young, healthy individuals. Muscle belly volume and muscle belly length both
scaled reasonably well with limb mass and limb length, respectively, within most functional
groups. These scaling relationships are particularly apparent in the ankle plantarflexor mus-
cles, where Fmax and muscle volume show strong correlations with subject height, body mass,
limb volume and limb length. These results agree with those of Handsfield et al., [6], who
reported similarly strong scaling relationships between muscle belly volume/length and limb
length and body mass. However, these data show that muscle fiber length does not scale well
with limb length in any muscle functional group, which agrees with previous studies [15].
Table 3. Mean (± standard deviations) architecture properties of 20 lower limb muscles from 10 individuals (5 males, 5 females; Age- 27.3 ± 3.95 years. Body mass-
76 ± 12.5 kg), plus functional group means. LF:Lm- Muscle fiber length muscle length ratio. PCSA- Physiological cross-sectional area. Fmax- estimated maximum isometric
force. Sarcomere lengths used to estimate optimal fiber lengths were sourced from Ward et al., [3].
Muscle Muscle Volume
(cm3)
Muscle Length
(mm)
Optimal fiber length
(mm)
Lf:Lm Pennation angle
(˚)
PCSA (mm2) Fmax (N) Fmax
(%BW)
Adductor magnus 567 ± 186 303 ± 31 231 ± 61 0.74 ± 0.17 12 ± 3 2524 ± 859 757 ± 258 106 ± 44
Adductor longus 159 ± 56 219 ± 27 110 ± 27 0.51 ± 0.14 12 ± 2 1470 ± 528 441 ± 158 60 ± 20
Adductor brevis 93 ± 21 151 ± 28 76 ± 22 0.51 ± 0.15 11 ± 2 1268 ± 369 380 ± 111 53 ± 17
Gracilis 91 ± 32 343 ± 28 173 ± 56 0.50 ± 0.14 6 ± 2 531 ± 104 159 ± 31 23 ± 8
Semimembranosus 244 ± 57 272 ± 29 158 ± 43 0.58 ± 0.14 12 ± 3 1561 ± 368 468 ± 110 64 ± 14
Semitendinosus 186 ± 55 324 ± 26 183 ± 45 0.57 ± 0.14 8 ± 2 1073 ± 438 322 ± 131 43 ± 15
Biceps femoris- long
head
194 ± 55 261 ± 26 204 ± 38 0.79 ± 0.15 11 ± 5 998 ± 502 299 ± 151 39 ± 15
Biceps femoris- short
head
92 ± 22 279 ± 39 109 ± 21 0.40 ± 0.13 9 ± 1 849 ± 220 255 ± 66 35 ± 9
Popliteus 15 ± 5 98 ± 22 74 ± 14 0.78 ± 0.17 8 ± 1 202 ± 76 60 ± 23 8 ± 2
Sartorius 143 ± 38 504 ± 48 408 ± 30 0.85 ±
<0.01
N/A 349 ± 85 105 ± 26 14 ± 2
Rectus femoris 249 ± 65 323 ± 28 142 ± 43 0.44 ± 0.13 8 ± 1 1853 ± 591 556 ± 177 78 ± 34
Vastus lateralis 606 ± 151 335 ± 21 196 ± 42 0.59 ± 0.14 15 ± 4 3206 ± 1559 962 ± 468 129 ± 51
Vastus medialis 415 ± 115 336 ± 44 159 ± 39 0.48 ± 0.14 14 ± 3 2707 ± 1119 812 ± 336 110 ± 40
Vastus intermedius 521 ± 124 353 ± 28 181 ± 40 0.51 ± 0.11 11 ± 4 2938 ± 926 881 ± 278 122 ± 41
Tibialis anterior 129 ± 22 300 ± 43 137 ± 26 0.46 ± 0.08 7 ± 2 955 ± 197 286 ± 59 39 ± 10
Extensor digitorum
longus
76 ± 17 348 ± 29 138 ± 26 0.40 ± 0.07 7 ± 2 570 ± 185 171 ± 56 24 ± 9
Extensor hallucis longus 21 ± 7 238 ± 46 106 ± 24 0.45 ± 0.09 7 ± 2 196 ± 78 59 ± 23 8 ± 3
Medial gastrocnemius 230 ± 48 254 ± 24 97 ± 22 0.38 ± 0.07 10 ± 4 2371 ± 433 711 ± 130 97 ± 15
Lateral gastrocnemius 128 ± 35 240 ± 45 122 ± 44 0.51 ± 0.15 9 ± 3 1159 ± 483 348 ± 145 47 ± 18
Soleus 461 ± 108 349 ± 28 146 ± 32 0.42 ± 0.09 12 ± 2 3226 ± 1042 968 ± 313 130 ± 35
Hip adductors 227 ± 74 254 ± 28 147 ± 41 0.57 ± 0.15 11 ± 2 1448 ± 465 434 ± 140 60 ± 22
Knee flexors 146 ± 39 290 ± 32 189 ± 32 0.66 ± 0.12 8 ± 2 839 ± 281 252 ± 84 34 ± 10
Knee extensors 448 ± 114 337 ± 30 170 ± 41 0.51 ± 0.13 12 ± 3 2676 ± 1049 803 ± 315 110 ± 41
Ankle dorsiflexors 75 ± 15 296 ± 39 127 ± 25 0.44 ± 0.08 7 ± 2 574 ± 154 172 ± 46 24 ± 7
Ankle plantarflexors 273 ± 64 281 ± 32 122 ± 32 0.44 ± 0.10 10 ± 3 2252 ± 652 676 ± 196 91 ± 23
https://doi.org/10.1371/journal.pone.0223531.t003
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In the context of musculoskeletal modeling, this suggests that the relationship between
muscle fiber length and limb length may not necessarily be accurately predicted using scaling
or optimization algorithms and could be more complex than other muscle architecture vari-
ables. So, while anthropometric scaling can be used to estimate gross anatomical properties
such as muscle volume and length, subject-specific imaging of lower limb anatomy is likely
necessary to accurately estimate more complex muscle architecture parameters such as muscle
fiber lengths, particularly for use in musculoskeletal modeling. The lack of direct correlation
between fiber lengths and limb lengths could be explained by inter-subject variation in the
length of the external tendinous portion of the musculotendon unit, which has been shown to
be related to joint range of motion, particularly in the distal muscle groups of the lower limb
[57].
Fig 2. The scaling relationships between: Individual total limb muscle volume and total muscle belly volume in the (A) hip adductors, knee flexors and knee
extensors; (B) ankle dorsiflexors and ankle plantarflexors; and maximum isometric force in the (C) hip adductors, knee flexors and knee extensors; (D) ankle
dorsiflexors and ankle plantarflexors. Dotted lines represent ±1 standard error mean.
https://doi.org/10.1371/journal.pone.0223531.g002
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Gathering subject-specific data is further justified by the differences between these data and
previously published cadaveric architecture data, such as that described by Ward et al., [3].
While the general trends in mean architecture properties in our data closely followed those
previously described (with many of the same muscles having large PCSA values and long opti-
mal fiber lengths), many differences in absolute values can be seen (see supplementary infor-
mation for more details). Given the anatomical variation seen within our data set, these
differences are most likely due to the variable degrees of muscle architecture scaling between
muscle functional groups, as well as the potential effects of ageing. In a study into the kine-
matic and kinetic effects of ageing, DeVita and Hortobagyi [58] suggested that ageing results
in a redistribution of joint and muscle torques throughout the lower limb, with relatively lower
Fig 3. The scaling relationships between: Individual limb length and muscle belly length in the (A) hip adductors, knee flexors and knee extensors; (B) ankle
dorsiflexors and ankle plantarflexors; and muscle fiber length in the (C) hip adductors, knee flexors and knee extensors; (D) ankle dorsiflexors and ankle
plantarflexors. Dotted lines represent ±1 standard error mean.
https://doi.org/10.1371/journal.pone.0223531.g003
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ankle but larger hip joint torques and muscle power in elderly compared to younger individu-
als. While likely associated with changes in gait kinematics with advancing age, this alteration
of joint torques could also arise as a result of changes in complex muscle architecture (i.e.
reductions in Lf:Lm), which were shown here through comparisons to cadaveric muscle archi-
tecture and were particularly evident in distal muscles.
This supports the accuracy of our data, however as muscle volumes and fiber lengths have
only been predicted to decrease 25% and 10% respectively due to ageing effects [4], anatomical
variation, in addition to effects of formalin fixation or possible pathologies in cadaveric speci-
mens in previous dissection studies [3], is likely another significant reason for differences
between these data and cadaveric data. This high level of anatomical variation also supports
the potential need for subject-specific musculoskeletal modeling for clinical evaluation. Indi-
vidualized models have become more common [11, 12, 59–62], and with novel methods of
gathering in vivo muscle architecture, these models could potentially provide more accurate
and reliable estimates of muscle function compared to generic or scaled generic models.
Limitations
While this method of gathering in vivo muscle architecture is becoming more common [20,
53–56], there are still some limitations that must be overcome before widespread use in the
musculoskeletal modeling and simulation community. Many of these limitations, such as
assumptions in how pennation angles and fiber lengths were estimated, are similar to those
discussed previously [20]. One important drawback of this method which is particularly signif-
icant to its applications for muscle modelling is that it is not possible to estimate optimal fiber
lengths. This is often done in dissection studies using laser diffraction to measure sarcomere
lengths [29], however this parameter is not directly measurable from DTI sequences. While
optimal fiber lengths were calculated here based on previously published sarcomere lengths
[3], combining DTI with further medical imaging such as micro-endoscopy [63, 64] to obtain
in vivo sarcomere lengths from superficial muscles could provide more accurate estimates of
optimal fiber length in future studies. Without a subject-specific correction for sarcomere
length, the fiber length data presented here require further testing and optimization within the
musculoskeletal models to ensure the muscles are operating at the correct part of the force-
length curve [7].
It should be noted that measurement/observer error could have contributed to any lack of
correlation seen in here between subject anthropometry and muscle architecture. This most
likely had an effect during manual muscle segmentation to determine muscle volumes (and by
extension calculate Fmax) and measuring pennation angles (which have little effect on muscu-
loskeletal model output- see later discussion). However, as the determination of in vivo muscle
fibre lengths was mostly automated and the same fiber tractography stopping criteria were
used for each muscle of each subject, any errors in this parameter are likely due to variations in
the quality of the diffusion tensor image images, rather than human error. As manual segmen-
tation of vertebrate muscle is an often-used technique for measuring muscle volumes [6], and
all the diffusion tensor images were pre-processed using the same method (see methods)
before analysis, the effect of these potential errors on the overall results presented here was
likely small.
The accuracy and limitations of the fiber tractography framework used here have been dis-
cussed previously [20]. However, these had a direct effect on the data presented here. While
the average accuracy of the estimated muscle fiber lengths was <1 ± 7 mm, this was variable
between subjects and between muscle groups (2 mm in the hip adductors, but 17 mm in the
knee extensors). This variability could be due to diffusion tensor image quality or partial
Muscle architecture dataset from diffusion tensor imaging
PLOS ONE | https://doi.org/10.1371/journal.pone.0223531 October 15, 2019 10 / 18
volume artefacts from bone or subcutaneous fat, which will have had variable affects depend-
ing on the location or size of the muscle being analyzed (see [45] for a detailed discussion on
the possible sources of measurement variation in DTI fiber tractography). Despite this varia-
tion, even the larger average discrepancies in fiber lengths and pennation angles measurement
accuracy mostly fall below the repeatability coefficients reported by Heemskerk et al. [45]
(<50 mm for Lf,<10.2˚ for θ), suggesting that this framework is relatively accurate and repeat-
able. However, it should be noted that the validation of this framework was performed on
cadavers [20], which were not subject to the same physiological factors which may have
affected the repeatability reported by Heemskerk et al. [45] (such as motion, breathing artefacts
or body temperature), which could explain the relatively high accuracies previously reported.
Nevertheless, while this method shows undoubted potential for the biomechanical modelling
field, improving the consistency of the fiber tractography between muscles and individuals is
needed for its widespread application.
Regarding pennation angles, this study reports lower angles than the limited three-dimen-
sional angles derived from DTI tractography that are currently available in the literature. Val-
ues of ~30˚ have been previously reported in soleus and medial gastrocnemius muscles [53,
56], compared to mean values of 12˚ and 9˚ respectively reported here, which are more similar
to angles measured from ultrasound or cadaveric data [3, 65–67]. While these differences to
other DTI studies seem substantial, pennation angle is known to be highly dependent on joint
position and has been estimated using DTI to change between 9˚ [56] and 46˚ [46] with 30˚
rotations in ankle dorsiflexion/plantarflexion. While the subjects in this study were asked to
remain in the anatomical position during the image acquisition (with the hip, knee and ankle
joints at 0˚ of flexion/extension), it is possible that the ankle joint was not exactly in this posi-
tion for the duration of each scan. Even small deviations from a neutral position at the ankle
joint could have caused large changes in pennation angles, particularly in the ankle dorsiflexor
or plantarflexor muscles, and therefore could explain these differences. However, given the
low sensitivity of muscle function predictions within musculoskeletal models to variations in
the pennation angle input parameter [10, 13], the 2D surface pennation angles presented here
could be sufficient in predicting muscle functions, if these data are to be used as inputs into
such models. Nevertheless, further refinements to this framework for more accurately estimat-
ing optimal fiber lengths and pennation angles could be of benefit in future studies.
Impact and future study
This study represents the first instance of an extensive data set of in vivo human lower limb
muscle architecture generated purely from medical imaging (DTI and MRI), with a specific
focus on implications for biomechanics and musculoskeletal modeling. By investigating the
scaling relationships between anthropometric parameters and important muscle force generat-
ing properties such as muscle fiber length and maximum isometric force, these data show a
lack of correlation between muscle fiber length and anthropometry amongst most muscle
functional groups of the lower limb. This means that optimization or scaling algorithms often
used to estimate muscle architecture for musculoskeletal modeling may not reliably do so, and
that how muscle fiber lengths relate to body proportions may be more complex when com-
pared to similar relationships with other muscle architecture variables. Nevertheless, given the
differences between these data and previously published cadaveric architecture data, it is possi-
ble that applying the muscle parameters presented here to musculoskeletal models of individu-
als of similar age or anthropometry could provide more accurate estimates of muscle function
than similar data from those previous studies. Furthermore, the accurate muscle fiber paths
reconstructed using this method could also improve muscle functional predictions through
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more accurate representations of muscle moment arms, and can be incorporated into bio-
mechanical models using methods such as that described by Chen et al., [68].
While this study focused on estimating muscle architecture for young, healthy individuals
using DTI, this framework could further benefit the musculoskeletal modeling field by
measuring similar parameters in pathological populations (e.g. individuals with cerebral
palsy [54], muscle atrophy [69], muscular dystrophy [70], and the elderly [71]), whose gait
and muscle function are often investigated with biomechanical models and simulations
[72, 73].
Furthermore, the differences to previous data, as well as the variation within our data set,
also lends support to the emergence of subject-specific musculoskeletal modeling. Although
generic and scaled-generic models are generally effective at testing general predictions of mus-
culoskeletal function, more detailed modeling analyses such as those predicting rehabilitation
or post-surgical outcomes may require the inclusion of subject-specific muscle architecture
data for maximum efficacy. Future work will focus on testing these assumptions and further
validating this framework. Despite the methods used here to measure muscle architecture in
vivo being previously validated specifically for use in musculoskeletal modelling [20], it is still
unclear how accurately the data will simulate muscle functions within these models. The valid-
ity of these methods can be further assessed by comparing muscle forces predicted by subject-
specific musculoskeletal models to those measured experimentally, such as from an isokinetic
dynamometer. Accurate predictions of muscle forces from subject-specific models would fur-
ther raise confidence in the validity of this framework in measuring muscle architecture in
vivo and forming the basis of individualized musculoskeletal models.
Supporting information
S1 Table. Architecture properties of 20 lower limb muscles from Subject 01, plus func-
tional group means (± standard deviations). Fiber lengths and pennation angles are
expressed as means (± standard deviations) of multiple measurements taken at different areas
of each muscle. Lf:Lm- muscle length fiber length ratio. PCSA- Physiological cross-sectional
area. Fmax- estimated maximum isometric force. Sarcomere lengths used to estimate optimal
fiber lengths were sourced from Ward et al., [3].
(DOCX)
S2 Table. Architecture properties of 20 lower limb muscles from Subject 02, plus func-
tional group means (± standard deviations). Fiber lengths and pennation angles are
expressed as means (± standard deviations) of multiple measurements taken at different areas
of each muscle. Lf:Lm- muscle length fiber length ratio. PCSA- Physiological cross-sectional
area. Fmax- estimated maximum isometric force. Sarcomere lengths used to estimate optimal
fiber lengths were sourced from Ward et al., [3].
(DOCX)
S3 Table. Architecture properties of 20 lower limb muscles from Subject 03, plus func-
tional group means (± standard deviations). Fiber lengths and pennation angles are
expressed as means (± standard deviations) of multiple measurements taken at different areas
of each muscle. Lf:Lm- muscle length fiber length ratio. PCSA- Physiological cross-sectional
area. Fmax- estimated maximum isometric force. Sarcomere lengths used to estimate optimal
fiber lengths were sourced from Ward et al., [3].
(DOCX)
S4 Table. Architecture properties of 20 lower limb muscles from Subject 04, plus func-
tional group means (± standard deviations). Fiber lengths and pennation angles are
Muscle architecture dataset from diffusion tensor imaging
PLOS ONE | https://doi.org/10.1371/journal.pone.0223531 October 15, 2019 12 / 18
expressed as means (± standard deviations) of multiple measurements taken at different areas
of each muscle. Lf:Lm- muscle length fiber length ratio. PCSA- Physiological cross-sectional
area. Fmax- estimated maximum isometric force. Sarcomere lengths used to estimate optimal
fiber lengths were sourced from Ward et al., [3].
(DOCX)
S5 Table. Architecture properties of 20 lower limb muscles from Subject 05, plus func-
tional group means (± standard deviations). Fiber lengths and pennation angles are
expressed as means (± standard deviations) of multiple measurements taken at different areas
of each muscle. Lf:Lm- muscle length fiber length ratio. PCSA- Physiological cross-sectional
area. Fmax- estimated maximum isometric force. Sarcomere lengths used to estimate optimal
fiber lengths were sourced from Ward et al., [3].
(DOCX)
S6 Table. Architecture properties of 20 lower limb muscles from Subject 06, plus func-
tional group means (± standard deviations). Fiber lengths and pennation angles are
expressed as means (± standard deviations) of multiple measurements taken at different areas
of each muscle. Lf:Lm- muscle length fiber length ratio. PCSA- Physiological cross-sectional
area. Fmax- estimated maximum isometric force. Sarcomere lengths used to estimate optimal
fiber lengths were sourced from Ward et al., [3].
(DOCX)
S7 Table. Architecture properties of 20 lower limb muscles from Subject 07, plus func-
tional group means (± standard deviations). Fiber lengths and pennation angles are
expressed as means (± standard deviations) of multiple measurements taken at different areas
of each muscle. Lf:Lm- muscle length fiber length ratio. PCSA- Physiological cross-sectional
area. Fmax- estimated maximum isometric force. Sarcomere lengths used to estimate optimal
fiber lengths were sourced from Ward et al., [3].
(DOCX)
S8 Table. Architecture properties of 20 lower limb muscles from Subject 08, plus func-
tional group means (± standard deviations). Fiber lengths and pennation angles are
expressed as means (± standard deviations) of multiple measurements taken at different areas
of each muscle. Lf:Lm- muscle length fiber length ratio. PCSA- Physiological cross-sectional
area. Fmax- estimated maximum isometric force. Sarcomere lengths used to estimate optimal
fiber lengths were sourced from Ward et al., [3].
(DOCX)
S9 Table. Architecture properties of 20 lower limb muscles from Subject 09, plus func-
tional group means (± standard deviations). Fiber lengths and pennation angles are
expressed as means (± standard deviations) of multiple measurements taken at different areas
of each muscle. Lf:Lm- muscle length fiber length ratio. PCSA- Physiological cross-sectional
area. Fmax- estimated maximum isometric force. Sarcomere lengths used to estimate optimal
fiber lengths were sourced from Ward et al., [3].
(DOCX)
S10 Table. Architecture properties of 20 lower limb muscles from Subject 10, plus func-
tional group means (± standard deviations). Fiber lengths and pennation angles are
expressed as means (± standard deviations) of multiple measurements taken at different areas
of each muscle. Lf:Lm- muscle length fiber length ratio. PCSA- Physiological cross-sectional
area. Fmax- estimated maximum isometric force. Sarcomere lengths used to estimate optimal
Muscle architecture dataset from diffusion tensor imaging
PLOS ONE | https://doi.org/10.1371/journal.pone.0223531 October 15, 2019 13 / 18
fiber lengths were sourced from Ward et al., [3].
(DOCX)
S11 Table. Linear regression results (R2 values) to test the scaling relationships between
muscle architecture parameters (Lf- muscle fiber length; Lf:Lm—muscle length fiber length
ratio; Fmax- estimated maximum isometric force; Vm- muscle volume; Lm- muscle length)
and subject age, height, body mass, total limb mass and lower limb length. P values are
shown in parentheses. Values italicized and in bold indicate statistical significance (p� 0.05).
(DOCX)
S12 Table. Mean differences (% differences) between lower limb muscle architecture data
derived here from MRI, and those from a previous cadaveric study [3]. Muscle masses from
our data were estimated from muscle volumes. Lf:Lm- Muscle fiber length muscle length ratio.
PCSA- Physiological cross-sectional area. Fmax- estimated maximum isometric force. Sarco-
mere lengths used to estimate optimal fiber lengths were sourced from Ward et al., [3].
(DOCX)
S1 Fig. Mean Lf:Lm (fiber length muscle length ratio) for each muscle functional group, for
subjects 1–10. For muscle functional group classifications, see Table 1. Horizontal dashed line
represents the mean value from Ward et al., [3].
(TIF)
S2 Fig. Mean estimated maximum isometric force (Fmax; expressed as percent body weight)
values for each muscle functional group, for subjects 1–10. For muscle functional group
classifications, see Table 1. Horizontal dashed line represents the mean value from Ward et al.,
[3].
(TIF)
S1 File. Comparison to previous architecture data.
(DOCX)
Acknowledgments
The authors would like to thank Chan Hong Moon for assistance in establishing the MRI pro-
tocols used here, and Tom Gale for writing the MATLAB script used to measure the fiber
lengths of the DTI tracked muscle fibers. We would also like to thank the three peer reviewers
of the initial versions of this manuscript, whose constructive comments helped vastly improve
the final version. This work was supported by funding from the Department of Orthopaedic
Surgery at the University of Pittsburgh.
Author Contributions
Conceptualization: James P. Charles, William J. Anderst.
Data curation: James P. Charles, Felipe Suntaxi.
Formal analysis: James P. Charles.
Funding acquisition: William J. Anderst.
Investigation: James P. Charles.
Methodology: James P. Charles, Felipe Suntaxi.
Project administration: William J. Anderst.
Muscle architecture dataset from diffusion tensor imaging
PLOS ONE | https://doi.org/10.1371/journal.pone.0223531 October 15, 2019 14 / 18
Resources: William J. Anderst.
Software: Felipe Suntaxi.
Supervision: James P. Charles, William J. Anderst.
Validation: James P. Charles.
Visualization: James P. Charles.
Writing – original draft: James P. Charles.
Writing – review & editing: James P. Charles, Felipe Suntaxi, William J. Anderst.
References
1. Lieber RL, Fride´n J. Functional and clinical significance of skeletal muscle architecture. Muscle Nerve.
2000; 23(11):1647–66. https://doi.org/10.1002/1097-4598(200011)23:11<1647::aid-mus1>3.0.co;2-m
PMID: 11054744.
2. Wickiewicz TL, Roy RR, Powell PL, Edgerton VR. Muscle architecture of the human lower limb. Clin
Orthop Relat Res. 1983;(179):275–83. PMID: 6617027.
3. Ward SR, Eng CM, Smallwood LH, Lieber RL. Are current measurements of lower extremity muscle
architecture accurate? Clin Orthop Relat Res. 2009; 467(4):1074–82. https://doi.org/10.1007/s11999-
008-0594-8 PMID: 18972175.
4. Narici MV, Maganaris CN, Reeves ND, Capodaglio P. Effect of aging on human muscle architecture. J
Appl Physiol (1985). 2003; 95(6):2229–34. Epub 2003/07/08. https://doi.org/10.1152/japplphysiol.
00433.2003 PMID: 12844499.
5. Tate CM, Williams GN, Barrance PJ, Buchanan TS. Lower extremity muscle morphology in young ath-
letes: an MRI-based analysis. Med Sci Sports Exerc. 2006; 38(1):122–8. Epub 2006/01/06. https://doi.
org/10.1249/01.mss.0000179400.67734.01 PMID: 16394964.
6. Handsfield GG, Meyer CH, Hart JM, Abel MF, Blemker SS. Relationships of 35 lower limb muscles to
height and body mass quantified using MRI. J Biomech. 2014; 47(3):631–8. Epub 2013/12/26. https://
doi.org/10.1016/j.jbiomech.2013.12.002 PMID: 24368144.
7. Zajac FE. Muscle and tendon: properties, models, scaling, and application to biomechanics and motor
control. Crit Rev Biomed Eng. 1989; 17(4):359–411. PMID: 2676342.
8. Scovil CY, Ronsky JL. Sensitivity of a Hill-based muscle model to perturbations in model parameters. J
Biomech. 2006; 39(11):2055–63. Epub 2005/08/09. https://doi.org/10.1016/j.jbiomech.2005.06.005
PMID: 16084520.
9. Ackland DC, Lin YC, Pandy MG. Sensitivity of model predictions of muscle function to changes in
moment arms and muscle-tendon properties: a Monte-Carlo analysis. J Biomech. 2012; 45(8):1463–
71. Epub 2012/04/14. https://doi.org/10.1016/j.jbiomech.2012.02.023 PMID: 22507351.
10. O’Neill MC, Lee LF, Larson SG, Demes B, Stern JT, Umberger BR. A three-dimensional musculoskele-
tal model of the chimpanzee (Pan troglodytes) pelvis and hind limb. J Exp Biol. 2013; 216(Pt 19):3709–
23. https://doi.org/10.1242/jeb.079665 PMID: 24006347.
11. Valente G, Pitto L, Testi D, Seth A, Delp SL, Stagni R, et al. Are subject-specific musculoskeletal mod-
els robust to the uncertainties in parameter identification? PLoS One. 2014; 9(11):e112625. Epub 2014/
11/12. https://doi.org/10.1371/journal.pone.0112625 PMID: 25390896.
12. Navacchia A, Myers CA, Rullkoetter PJ, Shelburne KB. Prediction of In Vivo Knee Joint Loads Using a
Global Probabilistic Analysis. J Biomech Eng. 2016; 138(3):4032379. https://doi.org/10.1115/1.
4032379 PMID: 26720096.
13. Charles JP, Cappellari O, Spence AJ, Wells DJ, Hutchinson JR. Muscle moment arms and sensitivity
analysis of a mouse hindlimb musculoskeletal model. J Anat. 2016; 229(4):514–35. https://doi.org/10.
1111/joa.12461 PMID: 27173448.
14. Bujalski P, Martins J, Stirling L. A Monte Carlo analysis of muscle force estimation sensitivity to muscle-
tendon properties using a Hill-based muscle model. J Biomech. 2018. Epub 2018/08/28. https://doi.org/
10.1016/j.jbiomech.2018.07.045 PMID: 30146173.
15. Ward SR, Smallwood LH, Lieber RL. Scaling of human lower extremity muscle architecture to skeletal
dimensions. In: ISB XXth Congress Cleveland, Ohio. 2005.
16. Modenese L, Ceseracciu E, Reggiani M, Lloyd DG. Estimation of musculotendon parameters for
scaled and subject specific musculoskeletal models using an optimization technique. J Biomech. 2016;
49(2):141–8. Epub 2015/11/18. https://doi.org/10.1016/j.jbiomech.2015.11.006 PMID: 26776930.
Muscle architecture dataset from diffusion tensor imaging
PLOS ONE | https://doi.org/10.1371/journal.pone.0223531 October 15, 2019 15 / 18
17. Manal K, Buchanan T. Subject-specific estimates of tendon slack length: A numerical method. Journal
of Applied Biomechanics. 2004; 20(2):195–203.
18. Winby CR, Lloyd DG, Kirk TB. Evaluation of different analytical methods for subject-specific scaling of
musculotendon parameters. J Biomech. 2008; 41(8):1682–8. Epub 2008/05/06. https://doi.org/10.
1016/j.jbiomech.2008.03.008 PMID: 18456272.
19. Wu W, Lee PV, Bryant AL, Galea M, Ackland DC. Subject-specific musculoskeletal modeling in the
evaluation of shoulder muscle and joint function. J Biomech. 2016; 49(15):3626–34. Epub 2016/09/23.
https://doi.org/10.1016/j.jbiomech.2016.09.025 PMID: 28327299.
20. Charles JP, Moon CH, Anderst W. Determining subject-specific lower-limb muscle architecture data for
musculoskeletal models using diffusion tensor MRI. J Biomech Eng. 2019; 141(6):060905–9. PMID:
30098157.
21. Preibisch S, Saalfeld S, Tomancak P. Globally optimal stitching of tiled 3D microscopic image acquisi-
tions. Bioinformatics. 2009; 25(11):1463–5. Epub 2009/04/07. https://doi.org/10.1093/bioinformatics/
btp184 PMID: 19346324.
22. Schindelin J, Arganda-Carreras I, Frise E, Kaynig V, Longair M, Pietzsch T, et al. Fiji: an open-source
platform for biological-image analysis. Nat Methods. 2012; 9(7):676–82. Epub 2012/06/30. https://doi.
org/10.1038/nmeth.2019 PMID: 22743772.
23. Jiang H, van Zijl PC, Kim J, Pearlson GD, Mori S. DtiStudio: resource program for diffusion tensor com-
putation and fiber bundle tracking. Comput Methods Programs Biomed. 2006; 81(2):106–16. Epub
2006/01/18. https://doi.org/10.1016/j.cmpb.2005.08.004 PMID: 16413083.
24. Aja-Fernandez S, Niethammer M, Kubicki M, Shenton ME, Westin CF. Restoration of DWI data using a
Rician LMMSE estimator. IEEE Trans Med Imaging. 2008; 27(10):1389–403. Epub 2008/09/26. https://
doi.org/10.1109/TMI.2008.920609 PMID: 18815091.
25. Cook P, Bai Y, Nedjati-Gilani S, Seunarine K, Hall M, Parker G, et al. Camino: Open-Source Diffusion-
MRI Reconstruction and Processing. 14th Scientific Meeting of the International Society for Magnetic
Resonance in Medicine, Seattle, WA, USA2006. p. 2759.
26. Bodine SC, Roy RR, Meadows DA, Zernicke RF, Sacks RD, Fournier M, et al. Architectural, histochemi-
cal, and contractile characteristics of a unique biarticular muscle: the cat semitendinosus. J Neurophy-
siol. 1982; 48(1):192–201. https://doi.org/10.1152/jn.1982.48.1.192 PMID: 7119845.
27. Charles JP, Cappellari O, Spence AJ, Hutchinson JR, Wells DJ. Musculoskeletal Geometry, Muscle
Architecture and Functional Specialisations of the Mouse Hindlimb. PLoS One. 2016; 11(4):e0147669.
https://doi.org/10.1371/journal.pone.0147669 PMID: 27115354.
28. Schneider CA, Rasband WS, Eliceiri KW. NIH Image to ImageJ: 25 years of image analysis. Nat Meth-
ods. 2012; 9(7):671–5. https://doi.org/10.1038/nmeth.2089 PMID: 22930834.
29. Felder A, Ward SR, Lieber RL. Sarcomere length measurement permits high resolution normalization
of muscle fiber length in architectural studies. J Exp Biol. 2005; 208(Pt 17):3275–9. Epub 2005/08/20.
https://doi.org/10.1242/jeb.01763 PMID: 16109889.
30. Sacks RD, Roy RR. Architecture of the hind limb muscles of cats: functional significance. J Morphol.
1982; 173(2):185–95. https://doi.org/10.1002/jmor.1051730206 PMID: 7120421.
31. Hutchinson JR. Biomechanical modeling and sensitivity analysis of bipedal running ability. I. Extant
taxa. J Morphol. 2004; 262(1):421–40. https://doi.org/10.1002/jmor.10241 PMID: 15352201.
32. Medler S. Comparative trends in shortening velocity and force production in skeletal muscles. Am J
Physiol Regul Integr Comp Physiol. 2002; 283(2):R368–78. https://doi.org/10.1152/ajpregu.00689.
2001 PMID: 12121850.
33. Fukunaga T, Roy RR, Shellock FG, Hodgson JA, Edgerton VR. Specific tension of human plantar flex-
ors and dorsiflexors. J Appl Physiol (1985). 1996; 80(1):158–65. Epub 1996/01/01. https://doi.org/10.
1152/jappl.1996.80.1.158 PMID: 8847297.
34. Maganaris CN, Baltzopoulos V, Ball D, Sargeant AJ. In vivo specific tension of human skeletal muscle.
J Appl Physiol (1985). 2001; 90(3):865–72. Epub 2001/02/22. https://doi.org/10.1152/jappl.2001.90.3.
865 PMID: 11181594.
35. Powell PL, Roy RR, Kanim P, Bello MA, Edgerton VR. Predictability of skeletal muscle tension from
architectural determinations in guinea pig hindlimbs. J Appl Physiol Respir Environ Exerc Physiol. 1984;
57(6):1715–21. https://doi.org/10.1152/jappl.1984.57.6.1715 PMID: 6511546.
36. Lieber RL, Blevins FT. Skeletal muscle architecture of the rabbit hindlimb: functional implications of
muscle design. J Morphol. 1989; 199(1):93–101. https://doi.org/10.1002/jmor.1051990108 PMID:
2921772.
37. Payne RC, Hutchinson JR, Robilliard JJ, Smith NC, Wilson AM. Functional specialisation of pelvic limb
anatomy in horses (Equus caballus). J Anat. 2005; 206(6):557–74. https://doi.org/10.1111/j.1469-7580.
2005.00420.x PMID: 15960766.
Muscle architecture dataset from diffusion tensor imaging
PLOS ONE | https://doi.org/10.1371/journal.pone.0223531 October 15, 2019 16 / 18
38. Williams SB, Wilson AM, Rhodes L, Andrews J, Payne RC. Functional anatomy and muscle moment
arms of the pelvic limb of an elite sprinting athlete: the racing greyhound (Canis familiaris). J Anat. 2008;
213(4):361–72. https://doi.org/10.1111/j.1469-7580.2008.00961.x PMID: 18657259.
39. Williams SB, Payne RC, Wilson AM. Functional specialisation of the pelvic limb of the hare (Lepus eur-
opeus). J Anat. 2007; 210(4):472–90. https://doi.org/10.1111/j.1469-7580.2007.00704.x PMID:
17362487.
40. Allen V, Elsey RM, Jones N, Wright J, Hutchinson JR. Functional specialization and ontogenetic scaling
of limb anatomy in Alligator mississippiensis. J Anat. 2010; 216(4):423–45. https://doi.org/10.1111/j.
1469-7580.2009.01202.x PMID: 20148991.
41. Paxton H, Anthony NB, Corr SA, Hutchinson JR. The effects of selective breeding on the architectural
properties of the pelvic limb in broiler chickens: a comparative study across modern and ancestral popu-
lations. J Anat. 2010; 217(2):153–66. https://doi.org/10.1111/j.1469-7580.2010.01251.x PMID:
20557402.
42. Hsu EW, Mori S. Analytical expressions for the NMR apparent diffusion coefficients in an anisotropic
system and a simplified method for determining fiber orientation. Magn Reson Med. 1995; 34(2):194–
200. https://doi.org/10.1002/mrm.1910340210 PMID: 7476078.
43. Damon BM, Ding Z, Anderson AW, Freyer AS, Gore JC. Validation of diffusion tensor MRI-based mus-
cle fiber tracking. Magn Reson Med. 2002; 48(1):97–104. https://doi.org/10.1002/mrm.10198 PMID:
12111936.
44. Deux JF, Malzy P, Paragios N, Bassez G, Luciani A, Zerbib P, et al. Assessment of calf muscle contrac-
tion by diffusion tensor imaging. Eur Radiol. 2008; 18(10):2303–10. Epub 2008/05/09. https://doi.org/
10.1007/s00330-008-1012-z PMID: 18463875.
45. Heemskerk AM, Sinha TK, Wilson KJ, Ding Z, Damon BM. Repeatability of DTI-based skeletal muscle
fiber tracking. NMR Biomed. 2010; 23(3):294–303. https://doi.org/10.1002/nbm.1463 PMID: 20099372.
46. Sinha U, Sinha S, Hodgson JA, Edgerton RV. Human soleus muscle architecture at different ankle joint
angles from magnetic resonance diffusion tensor imaging. J Appl Physiol (1985). 2011; 110(3):807–19.
https://doi.org/10.1152/japplphysiol.00923.2010 PMID: 21164150.
47. Froeling M, Nederveen AJ, Heijtel DF, Lataster A, Bos C, Nicolay K, et al. Diffusion-tensor MRI reveals
the complex muscle architecture of the human forearm. J Magn Reson Imaging. 2012; 36(1):237–48.
https://doi.org/10.1002/jmri.23608 PMID: 22334539.
48. Soares JM, Marques P, Alves V, Sousa N. A hitchhiker’s guide to diffusion tensor imaging. Front Neu-
rosci. 2013; 7:31. https://doi.org/10.3389/fnins.2013.00031 PMID: 23486659.
49. Bolsterlee B, Veeger HE, van der Helm FC, Gandevia SC, Herbert RD. Comparison of measurements
of medial gastrocnemius architectural parameters from ultrasound and diffusion tensor images. J Bio-
mech. 2015; 48(6):1133–40. Epub 2015/02/16. https://doi.org/10.1016/j.jbiomech.2015.01.012 PMID:
25682540.
50. Froeling M, Oudeman J, Strijkers GJ, Maas M, Drost MR, Nicolay K, et al. Muscle changes detected
with diffusion-tensor imaging after long-distance running. Radiology. 2015; 274(2):548–62. Epub 2014/
10/03. https://doi.org/10.1148/radiol.14140702 PMID: 25279435.
51. Damon BM, Froeling M, Buck AK, Oudeman J, Ding Z, Nederveen AJ, et al. Skeletal muscle diffusion
tensor-MRI fiber tracking: rationale, data acquisition and analysis methods, applications and future
directions. NMR Biomed. 2016. Epub 2016/06/03. https://doi.org/10.1002/nbm.3563 PMID:
27257975.
52. Sieben JM, van Otten I, Lataster A, Froeling M, Nederveen AJ, Strijkers GJ, et al. In Vivo Reconstruc-
tion of Lumbar Erector Spinae Architecture Using Diffusion Tensor MRI. Clin Spine Surg. 2016; 29(3):
E139–45. https://doi.org/10.1097/BSD.0000000000000036 PMID: 27007789.
53. Bolsterlee B, Finni T, D’Souza A, Eguchi J, Clarke EC, Herbert RD. Three-dimensional architecture of
the whole human soleus muscle in vivo. PeerJ. 2018; 6:e4610. Epub 2018/04/24. https://doi.org/10.
7717/peerj.4610 PMID: 29682414.
54. Sahrmann AS, Stott NS, Besier TF, Fernandez JW, Handsfield GG. Soleus muscle weakness in cere-
bral palsy: Muscle architecture revealed with Diffusion Tensor Imaging. PLoS One. 2019; 14(2):
e0205944. Epub 2019/02/26. https://doi.org/10.1371/journal.pone.0205944 PMID: 30802250.
55. Bolsterlee B, D’Souza A, Herbert RD. Reliability and robustness of muscle architecture measurements
obtained using diffusion tensor imaging with anatomically constrained tractography. J Biomech. 2019;
86:71–8. Epub 2019/02/12. https://doi.org/10.1016/j.jbiomech.2019.01.043 PMID: 30739766.
56. Bolsterlee B, D’Souza A, Gandevia SC, Herbert RD. How does passive lengthening change the archi-
tecture of the human medial gastrocnemius muscle? J Appl Physiol (1985). 2017; 122(4):727–38. Epub
2017/01/21. https://doi.org/10.1152/japplphysiol.00976.2016 PMID: 28104754.
Muscle architecture dataset from diffusion tensor imaging
PLOS ONE | https://doi.org/10.1371/journal.pone.0223531 October 15, 2019 17 / 18
57. Matsukiyo A, Goh AC, Asagai Y. Relationship between muscle-tendon length, range of motion, and
resistance to passive movement in children with normal and increased tone. J Phys Ther Sci. 2017;
29(2):349–55. Epub 2017/03/08. https://doi.org/10.1589/jpts.29.349 PMID: 28265172.
58. DeVita P, Hortobagyi T. Age causes a redistribution of joint torques and powers during gait. J Appl Phy-
siol (1985). 2000; 88(5):1804–11. Epub 2000/05/08. https://doi.org/10.1152/jappl.2000.88.5.1804
PMID: 10797145.
59. Scheys L, Spaepen A, Suetens P, Jonkers I. Calculated moment-arm and muscle-tendon lengths dur-
ing gait differ substantially using MR based versus rescaled generic lower-limb musculoskeletal models.
Gait Posture. 2008; 28(4):640–8. Epub 2008/06/04. https://doi.org/10.1016/j.gaitpost.2008.04.010
PMID: 18534855.
60. Scheys L, Loeckx D, Spaepen A, Suetens P, Jonkers I. Atlas-based non-rigid image registration to auto-
matically define line-of-action muscle models: a validation study. J Biomech. 2009; 42(5):565–72. Epub
2009/02/24. https://doi.org/10.1016/j.jbiomech.2008.12.014 PMID: 19232618.
61. Scheys L, Desloovere K, Suetens P, Jonkers I. Level of subject-specific detail in musculoskeletal mod-
els affects hip moment arm length calculation during gait in pediatric subjects with increased femoral
anteversion. J Biomech. 2011; 44(7):1346–53. Epub 2011/02/03. https://doi.org/10.1016/j.jbiomech.
2011.01.001 PMID: 21295307.
62. Prinold JA, MazzàC, Di Marco R, Hannah I, Malattia C, Magni-Manzoni S, et al. A Patient-Specific Foot
Model for the Estimate of Ankle Joint Forces in Patients with Juvenile Idiopathic Arthritis. Ann Biomed
Eng. 2016; 44(1):247–57. Epub 2015/09/15. https://doi.org/10.1007/s10439-015-1451-z PMID:
26374518.
63. Chen X, Sanchez GN, Schnitzer MJ, Delp SL. Changes in sarcomere lengths of the human vastus later-
alis muscle with knee flexion measured using in vivo microendoscopy. J Biomech. 2016; 49(13):2989–
94. Epub 2016/08/03. https://doi.org/10.1016/j.jbiomech.2016.07.013 PMID: 27481293.
64. Chen X, Delp SL. Human soleus sarcomere lengths measured using in vivo microendoscopy at two
ankle flexion angles. J Biomech. 2016; 49(16):4164–7. Epub 2016/11/22. https://doi.org/10.1016/j.
jbiomech.2016.11.010 PMID: 27866676.
65. Herbert RD, Heroux ME, Diong J, Bilston LE, Gandevia SC, Lichtwark GA. Changes in the length and
three-dimensional orientation of muscle fascicles and aponeuroses with passive length changes in
human gastrocnemius muscles. J Physiol. 2015; 593(2):441–55. Epub 2015/01/30. https://doi.org/10.
1113/jphysiol.2014.279166 PMID: 25630264.
66. Maganaris CN, Baltzopoulos V, Sargeant AJ. In vivo measurements of the triceps surae complex archi-
tecture in man: implications for muscle function. J Physiol. 1998; 512 (Pt 2):603–14. Epub 1998/10/09.
https://doi.org/10.1111/j.1469-7793.1998.603be.x PMID: 9763648.
67. Narici MV, Binzoni T, Hiltbrand E, Fasel J, Terrier F, Cerretelli P. In vivo human gastrocnemius architec-
ture with changing joint angle at rest and during graded isometric contraction. J Physiol. 1996; 496 (Pt
1):287–97. Epub 1996/10/01. https://doi.org/10.1113/jphysiol.1996.sp021685 PMID: 8910216.
68. Chen JS, Basava RR, Zhang Y, Csapo R, Malis V, Sinha U, et al. Pixel-based meshfree modelling of
skeletal muscles. Comput Methods Biomech Biomed Eng Imaging Vis. 2016; 4(2):73–85. Epub 2016/
01/01. https://doi.org/10.1080/21681163.2015.1049712 PMID: 28748126.
69. Malis V, Sinha U, Csapo R, Narici M, Smitaman E, Sinha S. Diffusion tensor imaging and diffusion
modeling: Application to monitoring changes in the medial gastrocnemius in disuse atrophy induced by
unilateral limb suspension. J Magn Reson Imaging. 2019; 49(6):1655–64. Epub 2018/12/21. https://doi.
org/10.1002/jmri.26295 PMID: 30569482.
70. Ponrartana S, Ramos-Platt L, Wren TA, Hu HH, Perkins TG, Chia JM, et al. Effectiveness of diffusion
tensor imaging in assessing disease severity in Duchenne muscular dystrophy: preliminary study.
Pediatr Radiol. 2015; 45(4):582–9. Epub 2014/09/24. https://doi.org/10.1007/s00247-014-3187-6
PMID: 25246097.
71. Sinha U, Csapo R, Malis V, Xue Y, Sinha S. Age-related differences in diffusion tensor indices and fiber
architecture in the medial and lateral gastrocnemius. J Magn Reson Imaging. 2015; 41(4):941–53.
Epub 2014/04/29. https://doi.org/10.1002/jmri.24641 PMID: 24771672.
72. Rosenberg M, Steele KM. Simulated impacts of ankle foot orthoses on muscle demand and recruitment
in typically-developing children and children with cerebral palsy and crouch gait. PLoS One. 2017;
12(7):e0180219. Epub 2017/07/14. https://doi.org/10.1371/journal.pone.0180219 PMID: 28704464.
73. Steele KM, Seth A, Hicks JL, Schwartz MS, Delp SL. Muscle contributions to support and progression
during single-limb stance in crouch gait. J Biomech. 2010; 43(11):2099–105. Epub 2010/05/25. https://
doi.org/10.1016/j.jbiomech.2010.04.003 PMID: 20493489.
Muscle architecture dataset from diffusion tensor imaging
PLOS ONE | https://doi.org/10.1371/journal.pone.0223531 October 15, 2019 18 / 18
